ABSTRACT
INTRODUCTION
A comprehensive gene expression database is essential for computer modeling and simulation of biological phenomena such as development. During development, a large number of genes are expressed that function in proper cells at a certain subcellular location and at a proper time, following the program inscribed in the genome. Considering that this development is a four-dimensional (4D; 3D structure/position and time course) phenomenon, we are constructing a 4D database of gene expression for early embryogenesis of the nematode, Caenorhabditis elegans (C.elegans).
Caenorhabditis elegans is considered a good model organism for the computer simulation of development because its cell lineage from a fertilized egg to adult has been traced; in addition, its developmental pattern has been identified at the single-cell level (Sulston et al., 1983) . Furthermore, a large amount of genome-related data has been accumulated, including genome sequence, gene expression pattern and gene function (C.elegans Genome sequencing Consortium, 1998; Gonczy et al., 2000; Maeda et al., 2001; Reboul et al., 2001) .
Since the invention of the confocal fluorescent microscope (White et al., 1987) and the 4D microscope (Fire, 1994; Thomas et al., 1996) , it has become possible to examine the 3D distribution patterns of gene products. These microscopes provide a series of images by optical sectioning. Such a set of 2D images can be assembled into a 3D image by stacking and interconnecting them. A gene product of interest, which is usually labeled fluorescently, can be identified in the 3D structure. However, it is a very tedious task to analyze a large number of genes systematically because assignment of the distribution of the gene product is performed manually. For this purpose, automation of the assignment process is necessary, but it requires the identification of the positions of cells, nuclei and other structures of the target specimen along with the staining signals of the gene products to be examined.
Several algorithms, using edge-, region-, knowledge-based and combinatorial approaches, have been proposed for the semiautomatic and automatic detection of various cellular structures (Rigaut et al., 1991; Czader et al., 1996; Lockett et al., 1998; Rodenacker et al., 1997; Ortiz de Solózano et al., 1999) . However, their efficiency is insufficient for the systematic analysis of many genes. Recently, Dhenain et al. (2001) proposed an archetypal digital atlas of a mouse embryo based on microscopic magnetic resonance imaging. They succeeded in superimposing gene expression patterns onto a digital atlas. However, the efficiency is very low because it requires the tedious manual processing of superimposing, and automatic superimposition techniques have not been developed.
Acquiring technology that can automatically arrange large amounts of multi-dimensional information is essential in the post-genome era. In particular, it is necessary to arrange the 3D localization information of gene products, which will provide valuable information in elucidating protein-protein interaction, the gene network and development. For systematic analysis, it is suitable to superimpose the 3D expression data of many genes onto a common template. Thus, we constructed computer graphics (CG) of embryogenesis (Ito et al., manuscript in preparation) into which we will incorporate the expression data of many genes at the subcellular level. However, the assignment of 3D distribution of gene products in embryos at various developmental stages is both difficult and tedious. Therefore, in this study, we developed a new system, SuPerImposing (SPI), for superimposing fluorescent confocal microscopic data onto a CG framework.
MATERIALS AND METHODS Datasets
Accumulation of mRNA expression patterns of C.elegans that are being produced in our laboratory provides unique sets of genes that are expressed in specific developmental stages, cell lineages and tissues. Systematic analysis of the expression pattern of these genes can help to elucidate the molecular mechanisms that govern biological processes such as early embryogenesis. In our study, of 5420 genes, we evaluated 477 genes whose mRNA are supplied maternally and either disappear by the early stage of gastrulation or localize to specific cells in early-stage embryos. To systematically evaluate the product distribution of all the 477 genes, we raised rat antisera against each maternal gene product (477 proteins) using bacterially expressed partial proteins. Thus far, we have obtained antisera against 56 gene products and immunostained embryos and gonads using the antisera. Discussion that is more comprehensive on the list of maternal genes will be presented elsewhere.
We obtained sets of 239 3D confocal images for the 56 maternal gene products (Table 1) , or three to five sets (2-to 28-cell stage) per gene product (dataset #0). Each set consisted of 40 slices of immunostaining pattern. These images were classified into two datasets that contained embryos at or earlier than the 8-cell stage (dataset #1) and the later stages (dataset #2). Dataset #1 comprises 57 images in the 2-cell stage, 59 images in the 4-cell stage and 49 images in the 6-and 8-cell stages. Dataset #2 comprises 41 images in the 12-cell stage and 73 images of later than the 12-cell stage. An example of the images is shown in Figure 1 .
Immunostaining
We used triple color staining: rat antibody against a maternal gene product, anti-POS-1 rabbit antibody (Tabara et al., 1999) as a position marker and 4 ,6 -diamino-2-phenylindole (DAPI) for nuclei. C.elegans wild-type strain N2 Bristol was cultivated under the standard conditions (20 • C, abundant food and low density) (Brenner, 1974) . The embryos were permeabilized using the freeze-cracking method and fixed in methanol (5 min at −20 • C) and acetone (5 min at −20 • C). These antibodies (1 : 25-1 : 200 diluted in a blocking solution, which is 10% normal goat serum and 1% skim milk in 100 mM Tris-HCl, pH 7.5-0.1% Tween) were applied directly onto the briefly air-dried specimen. Secondary antibodies were used as follows: indocarbocyanine (Cy-3) labeled anti-rat immunoglobulin G (IgG; Amersham Life Sciences Ltd.) (1 : 200 diluted in a blocking solution) and indodicarbocyanine (Cy-5) labeled anti-rabbit lgG (Amersham Life Sciences Ltd.) (1 : 200 diluted in a blocking solution).
Confocal microscope
Confocal microscopic imaging was performed using a laserscanning confocal microscope, LSM510 (Carl Zeiss Inc., Germany) with a 63 × 1.2 W C-Apochromat objective lens (Carl Zeiss Inc.). There were 40 optical slices per embryo. The image size was 256 × 256 pixels; R, G and B were each eight bits per pixel. Figure 1 shows an example of the confocal images used in this study.
Computer graphics of early embryogenesis in C.elegans
We used CG of early embryogenesis (Ito et al., manuscript in preparation) . Briefly, the CG was constructed using 4D-differential interference contrast (DIC) images (Fire, 1994) as follows: (i) we traced the contours of individual cells and nuclei by hand on thousands of DIC images. (ii) We reconstructed 3D graphics by stacking them and interconnecting the contour data from different focal planes. (iii) The cell surfaces were reconstructed using the non-uniform rational B-spline (NURBS) curve algorithm (de Boor, 1978) . For superimposing protein distributions, we used CG at 20 stages from the 2-to 28-cell stage as the template because we are currently focusing on maternal gene products (Fig. 2) . Protein with strong similarity to peroxisomal D3, D2-enoyl-CoA isomerase (human PECI) R10E4.4
Protein with strong similarity to mini chromosome maintenance deficient 5 (human MCM5) R74.8
Protein of unknown function R107.5
Protein of unknown function R151.2
Protein with strong similarity to phosphoribosyl pyrophosphate synthetase subunit 2 (rat Prps2) T04A8. 16 Member of the calpain family of cysteine proteases, contains an MIT domain T05H10.6
Protein with strong similarity to E1 alpha subunit of pyruvate dehydrogenase complex (human PDHA1) T14G10.7
Protein of unknown function T20G5.1
Clathrin heavy chain T21B10.7
Member of the chaperonin complex protein family T24G10.2
Member of the SWIB complex BAF60b domain family ZK328.5a
Member of the conserved nucleoporin domain-containing family ZK632.1
Protein with strong similarity to mini chromosome maintenance deficient 6 (human MCM6) ZK632.6
Member of the calreticulin protein family of calcium-binding protein ZK1098.8
Involved in transposon mobilization and RNA-mediated interference GLP-1 Notch-related receptor involved in establishment of early embryonic polarity and germline proliferation MEX-1 High conserved germline protein among eukaryotes; required for differentiation of some cell lineages PAL-1
Homeodomain transcription factor required for execution of various cell fates SPN-4
Putative RNA-binding protein POP-1
Posterior pharynx defective 1, a TCF/Lef factor-like HMG box DNA-binding domain transcription factor SKN-1
Transcription factor required for early embryogenesis a Description of the protein, including relevant aspects of the protein's role or function in the cell, sequence motifs and cross-species similarities. The information was extracted from the WormPD database (Costanzo et al., 2001 ) (https://www.incyte.com/control/tools/proteome) and the WormBase database (Harris et al., 2003) (http://www.wormbase.org/). 
SPI system
We named the proposed tool the SPI system. Figure 3 shows a flowchart of the SPI system, and it is described according to this flowchart. 
Identification of the embryo by extraction of its contours
Confocal image data were obtained using triple color staining: DAPI, Cy-3 and Cy-5 for nuclei, a germline-specific gene product (POS-1) as an internal marker and the gene product to be examined. Although there is no specific reagent to stain the entire embryo, the embryo contours are visible due to background staining. Area extraction to identify the embryo contours by general thresholding algorithms was unsuccessful because the background level varied for each dataset. Therefore, we applied the Snakes model to extract the embryo contours in the SPI system. The original Snakes model proposed by Kass et al. (1988) has attracted attention as a technique for image segmentation, matching and tracking anatomic structures (McInerney and Terzopoulos, 1996) . The Snakes model is an open or closed planar curve defined by a set of connected points. The contours of distinct features are found by deforming and moving the planar curve gradually from an initial shape in the image toward positions in which distinct features are extracted. The process of the Snakes model, from the initial estimate to the final state, is driven by iterative minimization of the energy function (E snakes ). This E snakes encompasses the functions of internal (E int ) and external energies (E ext ):
where the snake position is represented parametrically by
. The internal energy term (E int ) controls the snake elastic properties. It is defined as
where parameter α controls the amount of stretching the snake can undergo, and β controls the amount of flexing allowed. External energy (E ext ) arises from the image or higher-level processes. It indicates deformation or movement of a snake toward application-specific image features.
In this equation, I [v(s)] represents an image density value at position v(s) and w ext indicates a weight value, i.e. it controls the density value. The Snakes model proposed by Kass et al. (1988) solves the minimization problem of energy. However, a huge amount of calculation is necessary even if it uses a variation method and a dynamic programming method to solve the problem. In the SPI system, a VIOS-incorporated greedy algorithm (Matsuo et al., 1998) was used to solve this problem. This algorithm comprises a closed curve v(s) by the independent node Vi; it extracts an outline by minimizing the energy of these nodes. The energy function is defined as not being influenced by node Vi on a closed curve other than by the adjoining two points Vi − 1 and Vi + 1,
where E field is a pixel value with node Vi; it is the energy for completing a closed curve near an outline near a region. E angle represents the energy for smoothing the relation between a node and its neighboring nodes: when cos(θ ) > 0,
In this equation, E dist is the energy for equalizing the distance between node Vi and the nodes of neighbors Vi−1 and Vi+1. It is defined as Equation (8):
where E mov is the energy for moving node Vi inside a circle.
Figure 4 is a flowchart of the Snakes model for extraction of the embryo contour. The embryo contour is extracted using the Snakes model by iterative processing until it calculates E Vi , defined as the alignment sum of these four energies of each node. The contour is then completed by the closed curve.
Characteristic sampling of an embryo
We calculated the center of an embryo and the inertia-principal axis to adjust the images using the moment of inertia (m ij ) (Paquet and Rioux, 1999) .
We defined the embryo area as white (value 1) and the nonembryo area as black (value 0) in images extracted using the Snakes model. The following equations calculate the center of gravity coordinates because m 00 in Equation (7) becomes identical to the embryo area.
The inertial moment of the straight line, y = x tan θ , which passes along the starting point, is obtained by Equation (14).
Here, when θ is set to θ 0 , at which m θ becomes the minimum, y = tan θ 0 is called the inertia-principal axis; tan θ 0 can be Fig. 5 . Algorithm of contraction by eight contiguous pixels. The method for eight contiguous pixels removes slight noise from the binary image. Noise is removed by the logical product with eight pixels that surround E and those that surround E .
found as a solution to the following equation.
We calculated the center of gravity and the inertia-principal axis of the embryo using the above equation because we evaluated the position and direction of the embryo.
Recognition of nuclei and prediction of the developmental stage
We used the number and arrangement of nuclei obtained from the confocal image data of an embryo to determine the developmental stage of the embryo. First, regions of the nuclei were extracted for the 40 slices of the confocal image; then, these regions were grouped to elucidate the number and positions of the nuclei. To extract the nuclear regions, thresholding was used to convert a gradation image by a certain threshold into a binary image comprising 0 (black) and 1 values (white). Generally, a threshold was set using the histogram of an original image. However, threshold determination from a histogram is difficult. Thus, our system defined the threshold for the formation of binary (Th) as the following function of the maximum and the minimum pixel in the image.
Here, w max + w min = 1; f (x, y, z) designates the pixel of horizontal coordinates x and vertical coordinates y of the z-plane. However, these binary images may lead to false recognition. For example, two nuclei during cell division may be recognized as a single connecting region. Two closely located nuclei in neighboring cells may also be recognized as one region, depending on the threshold. The eight-neighbor contraction processing method is used to accurately recognize these regions; it contracts a region by the logical product of a pixel and its eight contiguous pixels (Fig. 5) . 6 . Algorithm for the border trace method. The border trace method procedure is as follows: (a) First, raster scanning is performed for a picture from the upper left to the lower right; then, the point of value 1 is sought in the binary image. Next, from this starting point, the algorithm seeks a boundary point. (b) The candidate for the following point is in about the eight-neighbor points of the starting point. This value of eight points is investigated in clockwise manner. The first point that represents a value of 1 is made into the next boundary point. Repeating this procedure yields the contour boundary. The procedure ends when it returns to the starting point. After seeking the boundary pursuit one region, the region is labeled as a value other than one, and raster scanning is performed again from the point to the right of the starting point. Then, the next region is sought.
The nuclear contour was extracted using the border trace method. Figure 6 shows the border trace method algorithm.
Finally, we calculated the number and position of the nuclei by clustering the main coordinates of nuclear contours processed for every slice. We used the NN and ISODATA methods (Tou and Gonzalez, 1974) for clustering. The distance d between patterns was defined as
where w k is a weight coefficient to each axis. The 3D confocal data has an afterimage in the z-axis. The weight coefficient was used for the compensation.
Recognition of the germline cell
Anterior-posterior positional information was obtained using marker gene product POS-1 (Tabara et al., 1999) . POS-1 is expressed only in the germline cell that is located at the posterior end. The germline cell was determined by taking the cell that showed the highest level of POS-1 signals.
3D reconstruction
We performed 3D reconstructions on sets of confocal images using a polygon surface method that uses 'Volume Editor' (META Corp., Japan). It is necessary to convert a gradation image into a binary image by a certain threshold to convert it into a polygon format. However, the information of signal intensity is lost in the binary format. This information is important because it reflects the extent of expression. To retain the information, the signal intensity was represented by two kinds of transparency in the 3D image as follows. The thresholds of two values were set, and polygon data were generated for each threshold. Then, transparency was reduced in the polygon data generated by the larger threshold, while transparency increased in the data generated by the smaller threshold. The polygon data were produced reflecting expression intensity by combining these two sets of polygon data.
Superimposition onto the template CG
The procedure for superimposing 3D polygon data created from 3D confocal images onto template CGs comprised two steps. We first selected the template CG at the corresponding developmental stage using the prediction algorithm. Next, we superimposed the two centers of gravity of the embryo of 3D polygon data and template CG using the inertia-principal axis resulting from Equation (12). That is, if the group of the position vector of the nuclei in the 3D polygon data is set to [X] , and the conversion process for superimposing the embryo in the 3D polygon data onto the embryo in template CG is set to [R], group [X * ] of the position vector after conversion in the nuclei is defined by Equation (18).
For superimposition in the SPI system, Equation (18) coordinates the conversion of the nuclei.
Annotation
The annotation of staining signals was performed automatically once superimposition was completed. The cell names of the nuclei were automatically assigned after superimposition based on the name of the template CG. For annotation of protein distribution, we devised an automatic annotation function for three typical patterns (cytoplasm, a nucleus and plasma membrane). Detailed annotation can be conducted manually. The automatic annotation procedure was as follows.
(1) Labeling protein distribution: The first procedure was to label the region of protein distribution on each slice of confocal data.
(2) Circularity and correlation with DAPI staining: Circularity C in a region of circumference length P and area A was defined by the following equation.
Value C reached the minimum, 4π , when the region is a circle. The larger the C value is, the more slender the object region is. When a nucleus is usually circular, it has a relatively small C value; when a plasma membrane or cell shape is not circular, it has a relatively large C value. Whether the labeled region was a nucleus was evaluated based on the features for the extent of correlation with DAPI staining.
Equation (20) defines correlation Cor DAPI with DAPI staining:
where f (x, y) is a binary image for the blue DAPI staining. In other words, Cor DAPI is the ratio of the nuclear region (currently DAPI staining) to the region of protein distribution.
(3) Pattern classification using the distinction rule: Currently, there are three patterns in the distinction rule of the SPI system, which are cytoplasm, plasma membrane and nucleus, based on the figures calculated in the above manner. The distinction rule consists of the following: (i) when the area of a region exceeded a certain threshold, it was classified as cytoplasm; (ii) when correlation with DAPI exceeded a defined threshold, it was categorized as a nucleus; (iii) when circularity exceeded a certain threshold, it was classified as plasma-membrane and (iv) in other cases, it was categorized as cytoplasm.
(4) Identification of expressing cells: The following procedure was used to identify expressing cells. (i) The labeled region was assigned to the nearest cell. (ii) When a region was on the plasma membrane, the three nearest cells were taken as candidates. The total and average luminosity of the cytoplasm, plasma membrane and nucleus were calculated individually. The cells that cleared the thresholds and to which the highest value is assigned are as follows.
The thresholds are as follows:
Cytoplasm: more than 50% agreement with the whole embryo. Nucleus: more than 0.5 correlation with DAPI staining. Plasma membrane: less than 50 circularity value. These thresholds were determined by hand tuning using confocal images of four gene products whose distributions were already known. Briefly, we first provided a set of arbitrary parameter values, performed the superimposition and tested the results visually. Then, we changed the parameters significantly for those producing bad results and changed them a little for those not producing bad results. By repeating this process, we acquired a set of good parameter thresholds. We needed to optimize the parameters for each antibody/gene product because the nature of antibodies and gene products is variable. However, we used the set of parameter thresholds in this study because preliminary trials show that the set of parameter thresholds is suitable for other datasets. It is a future issue to program computers to determine the threshold using a typical image before SPI is applied. On our Web site (http://anti.lab.nig.ac.jp/spi/), the user can set these thresholds interactively.
Moreover, one embryo or cell exceeded multiple thresholds. However, because some proteins are present at multiple locations, it is not necessary to assign the pattern to a single classification. Therefore, we allowed the assignation of multi-cellular localizations.
VRML
Virtual reality modeling language (VRML) describes a form in virtual-reality 3D geometry. VRML can display dynamic 3D media as a virtual-reality environment on the World Wide Web (WWW). This study used VRML2.0 by International Organization for Standardization (IOS) and International Electrotechnical Commission (IEC), which were chosen as an international standard (VRML Consortium, 1997). The advent of VRML as a portable file format for describing 3D structures allowed us to share immunostaining patterns on the WWW. The VRML-based 4D-DB was created using 4D-CG; immunostaining data were superimposed onto intermittent 3D-CG. These CG were translated into the VRML format. Once superimposed, we were able to view any section in its 3D context. The 3D confocal images were provided in the form of MPEG movies. A WWW interface was designed, allowing us to choose model structures, immunostaining patterns and associated viewing positions to build 3D structures using a WWW browser interface.
RESULTS
As described in detail in the Materials and methods section, we developed a new system named SPI for matching and superimposing confocal microscopic data of gene product (protein) distribution onto CG of the early embryogenesis of C.elegans. The SPI system comprises three procedures. The first procedure is the contour extraction of a target embryo for calculating the principal axis. It is formulated as an optimization problem based on an active contour model, the Snakes model. The boundary is detected by seeking an active contour that minimizes an energy function. The energy minimization process is carried out by a greedy algorithm. The second procedure is a computational procedure for recognizing the developmental stage and nuclear position of the target embryo using binary processing, eight-neighbor contraction and border trace. An appropriate template CG is chosen based on these results. The third procedure is 3D visualization using volume rendering. We tested the accuracy and validity of these procedures. Figure 7 shows examples of embryo contour extraction using the Snakes model. The Snakes model iterates processing by which it calculates the energy defined by the alignment sum of four energies calculated from Equations (6)-(9) until the point of contact is obtained. The contour is then completed by a closed curve. Figure 7 shows the results of processing up to 100 steps, during which the closed curve converged every 20 steps. Generally, in the data tested by this study, the closed curve converged as a result of 100 steps of processing (data not shown).
Accuracy of contour extraction of the embryo using the Snakes model
The accuracy of embryo contour extraction using the Snakes model was tested through visual evaluation by two or three nematode researchers. The accuracy was 92.1%, indicating the high-degree accuracy of this system. The process of extraction is shown in Figure 7 . Failure to extract was mainly caused by the low quality of the confocal data, and failure was categorized into two cases as shown in Figure 8a and b. Figure 8a shows a case of recognition failure in which noise near the embryo was accidentally incorporated into the closed curve of the Snakes model. Figure 8b shows another case of failure in which the background level was uneven, and a part of the embryo that was stained very weakly was not included in the closed curve. The first case of failure can be overcome by adjusting the weight of four energy functions of the Snakes model. The second case of failure cannot be overcome by the Snakes model. However, these cases were easily resolved by choosing better confocal images. Figure 9 shows an example of extracting the nuclear contour. Figure 10 shows examples of predicting the quantity and position of the nuclei, which were performed on the 3D image of Figure 1 by clustering the main coordinates of the nuclear contours obtained from every slice.
Accuracy of predicting the developmental stage
The accuracy of the developmental stage predicted for dataset #1 (embryos at the 2-to 8-cell stage) was 81.2%. The accuracy was determined by comparing the computer prediction with researchers' visual evaluation. Accuracy declined as the stages progressed: 49/57 in the 2-cell stage, 53/59 in the 4-cell stage and 32/49 in the 6-and 8-cell stages. Dataset #2, which was later than the 8-cell stage, showed less accuracy than dataset #1 because there was difficulty in extracting nuclei features. In the current system, regions with luminosity beyond a threshold were assigned as nuclear fragments. Thus, two neighboring nuclei could be recognized as one nucleus in the current system. This problem can be solved by dividing such a region at the center to find the areas of circularity. However, the nucleus in the process of cell division is difficult to recognize properly because it is not a globular form. Therefore, we included an interactive classification procedure for embryos later than at the 8-cell stage (dataset #2) in the SPI system.
Superimposing 3D confocal images onto CGs
An important feature of the SPI system is the ability to match different types of data, such as confocal data and CG. In the present study, superimposition was relatively simple once stage identification was made, even though manual adjustment was sometimes necessary (∼30% of CG). We successfully superimposed the gene product (protein) distribution patterns of 56 genes onto our CG of early embryogenesis using the SPI system. For better viewing, we reconstructed 3D distributions of these proteins from the 2-to 28-cell stage (Fig. 11) . Figure 12 shows examples of various protein distributions at the 12-cell stage. As indicated by the examples, the 3D In the upper panel, the red, blue and green colors show POS-1, nuclei (DAPI) and query gene products (protein), respectively. In the lower panels, the distribution of protein T20G5.1 was green and the predicted nuclei (CG balls) of AB-derived, MS-derived, E-derived, C-derived, D-derived and P-derived cells are colored in red, yellowish green, purple, yellow, light blue and blue, respectively.
volume rendering of protein distributions is a useful tool in clarifying the spatial distribution of protein expression. Some pairs of protein show almost identical assignments of distribution (white boxes in Fig. 12 ). Although the similarity of the protein distribution is not always obvious from outside, it is possible to view the 3D distribution of the proteins at various angles and at any section, as shown in Figure 13 , which should be useful to evaluate the similarity. If these pairs of protein show the identical distribution not only at a specific stage but also at more stages along the time course, it may be because they participate in the same cellular function.
Annotation
We devised an automatic annotation function of protein distributions in the SPI system. This function calculates and displays the total and average (volume and strength) pixel luminosities of the cytoplasm, plasma membrane and nucleus of each cell. Table 2 shows, as an example, the results of the automatic annotation of the protein localization of gene T20G5.1 at the 28-cell embryo stage based on the superimposition shown in Figure 11e . Generally, it is not easy for a researcher to annotate detailed protein localization after the 8-cell stage. Table 2 shows that annotation of protein localization is feasible in the SPI system. We confirmed that the annotation was correct by comparing the results with annotation made previously for known genes included within the set of the 56 genes. Improvement is necessary in the annotation of localization other than the three major types and of low-level expression.
Toward 4D database of gene expression
The initial version of the 4D database is VRML based (http://anti.lab.nig.ac.jp/4ddb/). Currently, immunostaining patterns are seen only in 2D slices in the MPEG format. These images can be viewed using Internet tools, such as Cosmoplayer, Windows Media Player and Quicktime. This has the advantage of a good 3D perspective. Future work will enable an interactive 3D-version of superimposition in which users can freely select oriented slices. These image data may be downloaded and converted to formats that are viewable with commercially available 3D visualization applications.
DISCUSSION
We have developed a new system named SPI for incorporating confocal microscopic data into a CG-based database of the early embryogenesis of C.elegans using 3D matching procedures. Although some steps still require manual adjustment for better accuracy, we have succeeded in constructing a 4D (3D + time course) gene expression database of 56 maternal genes. This is the first step in constructing a new comprehensive gene expression database in 4D. The database will not only enhance developmental analysis, but will also allow better computer modeling and simulation of the development of C.elegans. The accuracy of superimposition of dataset #1, which consisted of embryos from the 2-to the 8-cell stage, was satisfactory. We needed to include an interactive procedure to achieve better accuracy for dataset #2, which consisted of embryos from the 12-to the 28-cell stage. However, manual procedure was minimal because this step was only necessary to predict cell stage. Ortiz de Solózano et al. (1999) presented a semiautomatic segmentation method for DNA-stained nuclei from confocal images. Their method achieves highly accurate recognition, but also includes an interactive classification step. Although we need to improve the procedure for greater automation, even if an interactive step is included for embryos at later than the 12-cell stage, the overall performance of the SPI system is sufficient for systematic analysis for the construction of a 4D gene expression database. Indeed, we have already superimposed 239 3D confocal images for distribution of the 56 maternal genes onto our 4D model (semi)automatically (available at http://anti.lab.nig.ac.jp/4ddb/). We reconstructed the 3D distribution of these proteins and learned that the 3D rendering of protein expressions was a useful tool for better understanding of spatial organization of protein expression and localization.
Recently, a visual database that reconstructed the mouse brain was developed (Dhenain et al., 2001) . However, it is difficult to manage a large amount of 3D data because the superimposition procedure for 3D data is still manual. A 4D framework has recently been reported to visualize 3D embryogenesis along with a time-axis in C.elegans (Heid et al., 2002) . However, unlike our system, there is still no attempt to correlate with gene expression patterns.
We used the 4D-CG of early embryogenesis of C.elegans as a framework, or a template, to integrate the 3D patterns revealed by fluorescent confocal microscopy. A large amount of data can be mutually integrated and compared in the database, and these data can be linked with other information such
